A pre-and post-processing weather radar data module was developed in the Matlab suite of software with GIS data exchange abilities for storm event analysis. During pre-processing, each radar sweep is converted from spherical to Cartesian coordinates in the desired temporal and spatial resolution. The module's functionality in post processing includes radar data display, geo-referencing over GIS maps, data filtering with the Wiener filter and single or multiple sweep processing. The user can perform individual storm cell detection and tracking, resulting in the storm's average velocity and track length. The tested methods are modifications of the LoG (Laplacian of the Gaussian) blob detection method and a Brownian particle trajectory linking algorithm. Radar reflectivity factor (Z) data can be referenced over predefined rainfall (R) gauges in order to determine the radar Z-R equation parameters. The user can also produce spatially distributed precipitation estimates by using standard Z-R equations from the literature. The module's functionality is demonstrated using data from a rainfall event captured by the NSA Souda Bay C-Band radar during a storm in October 2006.
INTRODUCTION
Precipitation intensity can be estimated using ground precipitation gauges or a combination of gauges and radar data. Even though measurement errors such as undercatch (Adam & Lettenmaier ; Daliakopoulos et al. ) do exist, the precision of precipitation gauges is generally adequate and the derived ground level precipitation product is reliable. Nevertheless, coverage is often limited by topography and cost (Borga et al. ) . Other effects such as the gradient of precipitation with altitude (Naoum & Tsanis ) can cause conventional interpolation of the precipitation variable to inadequately represent reality. Therefore, precipitation data can be insufficient for use with a distributed hydrological model. Weather radars have thus become an invaluable tool for the nowcasting of precipitation, that, besides their limitations (Delrieu et al. ) , provide detailed spatial and temporal information (Divjak et al. ) . Figure 1 shows the basic operation principles of weather radars from target detection to data recording and display using plan position indicator (PPI).
To make full use of the inherent radar capabilities, it is necessary to know the main sources of radar errors and limitations in order to properly interpret the data. Radar-rainfall error sources have been recognized and discussed in the literature for more than three decades (Harrold et Noise introduces sharp gradients in otherwise smooth weather fields and can be eliminated, to some extent, by suitable texture smoothing. However, the smoothing process affects weather data, resulting in a loss of fine-scale details (Divjak et al. ) . When noise is largely caused by a number of small sources, the system and observation noise can be regarded as a white Gaussian distribution (Maybeck  COTREC motion field tracking in order to compute motion vector over a series of radar images.
3. DUR-TOOLKIT, described in Toussaint et al. (b) , deals with visualization, pre-and post-processing and filtering. It is developed in C þþ and therefore has to be portable; nevertheless there is no information about storm tracking or GIS interoperability. The objective of the current paper is to develop a module that can serve as a workbench for scientific testing, experimenting and visualization allowing for easy integration of innovative functionalities for weather radar data processing. These functionalities include data preprocessing, filtering and visualization as well as storm detection and tracking. New algorithms on noise filtering, storm cell detection and tracking can be easily added to the module. Finally, the module allows for data export to GIS for further processing and visualization.
METHODOLOGY
The weather radar records the data in the form of volumes.
A volume is constituted from a set of sweeps which in turn are made up from a set of beams (rays). Each beam consists of a number of range gates which represents the sampling resolution along the length of each beam. Each gate is the integration of the radar pulse for a particular distance that depends on the system configuration. The complete beam range covered by the radar is the product of the number of gates and the length of each gate.
As with most environment data, graphical display is an indispensible tool when seeking patterns, generating hypotheses and assessing the fit of proposed models (Tsanis & Gad ) . The PPI (Figure 1) is the most common type of radar display. As the radar antenna rotates, a radial trace sweeps around it so the distance from it and the height above ground can be drawn as concentric circles. A simple data display such as this is often insufficient as a high degree of uncertainty affects precipitation estimates based on radar measurements (Anagnostou et al. ) . Alternative displays include the constant altitude plan position indicator which gives a horizontal cross-section of data at constant altitude, vertical composite which produces images of the maximum reflectivity in a layer above ground, and others, according to the need of the users.
Pre-processing
The radar data are originally stored in polar coordinates and have to be converted to Cartesian coordinates in order to be displayed and processed. Along a single beam, the radar records measurements based on radar elevation angle θ s and slant range r. The distance s covered by the beam along the earth's surface is given by (Doviak & Zrnić ):
where h is the height of the center of the radar beam given by:
In both equations, a is the earth's radius and k s is a multiplier which depends on atmospheric conditions. Assuming can be estimated using:
This process produces a scatter of (x, y) pairs. In order to store and display this data in an efficient way compatible with most GIS applications, the data can be converted to an equally spaced grid form. At useful resolutions, that is, over 500 × 500 m, the disk storage required for a rasterized radar image is several orders of magnitude smaller than the raw radar data product and the produced file can be easier to handle and process. Unfortunately, rasterizing normally involves interpolating the data to a grid with fixed cell size which inherently degrades the original information. 
so that when the filter is convolved with the corrupted signal, the original signal can be recovered. Then, this constraint is transferred in the frequency domain and a quadratic error functional E is constructed:
where ω is the frequency parameter and capital symbols are used to denote the filter, the signal and the noise in the frequency domain, respectively. In order to simplify this expression the signal and noise are assumed to be statistically independent. To minimize, we differentiate and set equal to zero:
The process is described in detail by Farid (). Intuitively, this frequency response makes sense as when the signal is significantly stronger than the noise the response is close to 1, that is, the frequencies are passed. On the other hand, when the signal is significantly weaker than the noise the response is close to 0, that is, the frequencies are stopped.
Assumptions about the statistical nature of the signal and noise are also necessary. For example a common choice is to assume white noise, N(ω) is constant for all ω, and, for natural images, to assume that S(ω) ¼ 1/ω p . Unfortunately denoising has the expected side effect of losing some of the image sharpness, as the Wiener filter is a low-pass filter.
In Matlab, the wiener2 function is an adaptive application of the Wiener filter that estimates the local mean and variance around each pixel after Lim ():
where n is the N-by-M local neighborhood of each pixel in the image. Then wiener2 creates a pixel-wise Wiener filter using these estimates:
where v 2 is the noise variance. If the noise variance is not given, wiener2 uses the average of all the local estimated variances. Figure 2 shows 
Z-R conversion
The quantity that is measured by the radar is reflected energy called reflectivity which depends upon the size, shape, aspect, and dielectric properties of targets in atmosphere. Reflectivity Factor Z is measured in mm 6 =m 3 and is a function of the number and size of drops within a given volume. The values of the reflectivity factor cover a wide range so they are commonly expressed in units of dbZ.
The radar rainfall rate can be obtained by using an empirical Z-R relation either from literature or deduced from measurements of drop-size distributions in natural rain (Battan ) . The Z-R relation has the form:
where a and b are empirical coefficients that depend on the type of precipitation (snow, rain, convective or stratiform) and geographic location (Austin ).
As the meteorological radar does not measure precipi- 
Storm cell detection
Techniques involving pattern recognition and image proces- Then, the Laplacian operator is computed as: Essentially, the image f(x, y) is processed with a filter given by: hðx; y; σÞ ¼ ðx 2 þ y 2 À 2σ 2 Þh g ðx; y; σÞ 2πσ 6 P x P y h g ðx; y; σÞ
The characteristics of the Gaussian kernel can be used as search criteria for the storm cells of different diameter and intensity.
Storm cell tracking
Having located dominant storm cell centers in a sequence of radar products, cell locations are matched up with corresponding locations in later frames to produce the trajectories in ρ(r, t). This requires determining which storm cell in a given frame is the most likely to match the one appearing in the adjacent frame. Tracking more than one storm cell requires defining the most probable set of N identifications between N locations in two consecutive frames. If the cells are indistinguishable, as for most storm cells, this likelihood can be estimated only by proximity in the two images. The corresponding algorithm for trajectory linking can be initiated by considering the dynamics of non-interacting Brownian particles as described in detail by Crocker & Grier () . For a given storm cell moving on a plane, the probability that it travels a distance δ in time τ is:
where D is the diffusivity coefficient. Respectively, for N non-interacting identical particles the probability distribution can be derived:
The most likely storm cell trajectory from one frame to the next is the one which maximizes P({δ i }|τ) or, equivalently, minimizes P N i¼1 δ 2 i . This criterion has been shown to perform well even for interacting cells provided a sufficiently small time interval between frames (Crocker & Grier ) . Figure 3 shows an example of storm cell detection (nodes) and tracking (solid arrows). In order to account for storm cells that are not detected in all frames, their last known location is stored and matched with unassigned cells that appear in subsequent frames and fit the distance criterion.
Detection and tracking methodologies with similar algorithms, like CELLTRACK and COTREC are described by Kyznarová & Novák () .
MODULE STRUCTURE
An outline of the structure of the module is presented in Figure 4 . The raw radar data are inputted to the module which initially converts them to a native format for subsequent read/write access. The module is comprised of a total of five interfaces that allow the user to manipulate the data and produce output.
The only currently available display mode is the PPI (Figure 1) , which is the most common type of radar data display. The transmitting radar is usually placed in the center of the display so equal distances from it can be drawn in concentric circles. As the radar is revolving, the PPI trace appears to scan concentrically from the center to the largest distance of emission. North is found at the top of the display while the signal depicts the reflectivity at a single radar elevation. Therefore, it is possible to have one PPI display for each elevation scan.
The Filter selection menu gives the user the ability to choose among available preprocessing options for a selected object. Filters are modular so more options can be added in future versions. The currently available options are a 15 db threshold, an application of the noise reduction Wiener filter, a combination of the above and no filtering at all.
Depending on the season, geographic location, and expected weather type some standard Z-R relationships can be used to translate reflectivity into precipitation rate. and understanding of the meteorology of the event. This is more efficient than building the code within a GIS system which is slow and not as versatile (Naoum & Tsanis ) . On the day of the event, raw radar data were acquired at 15-min intervals except for several missing scenes due to power outages in the area. Figure 5 shows the reflectivity recorded shortly after the formation has crossed over the island passing through two mountaintops with a northward direction. Data were interpolated to a 500 m × 500 m Cartesian grid providing adequate resolution for further processing. The observations were filtered using a Wiener filter coupled with a 15 db threshold to remove noise and insignificant reflectivity values. Then, it became clear that 
CONCLUSION
A new module for weather radar data pre-and post-processing was developed in Matlab. This paper briefly presents its functionalities with respect to data analysis and visualization. The tool allows for modularity, therefore serving as a workbench for the comparison of different algorithms.
Each of the operations performed (i.e. filtering, storm cell detection, etc.), can be executed using alternative Regarding the default algorithms, each has its own advantages and limitations. For example, the storm cell tracking algorithm performs best with distinguishable storm cells having consistent paths. Irregular or rapid storm cell motion and ambiguous formations that merge and divide hinder the effectiveness of the algorithm. Nevertheless, using the algorithms in a modular environment allows for quick and efficient testing and result comparison for algorithm improvement and extension.
The module was tested in the study of a flash flood event in north-western Crete in an attempt to reconstruct the meteorological conditions that lead to its outbreak. The functionalities of data preprocessing, filtering and storm cell detection and tracking gave a good representation of the storm formation and movement. Particularly, the Rosenfeld Tropical Z-R equation provided an adequate fit with precipitation rate measurements during the event. Finally, the results were exported in a GIS-compatible format allowed for better visualization and easier manipulation in a friendly environment.
